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Abstract-  The  fusion  of  multiple  Computer  Aided  Detec¬ 
tion/Computer  Aided  Classification  (CAD/CAC)  algorithms 
has  been  shown  to  be  effective  in  reducing  the  false  alarm 
rate  associated  with  the  automated  classification  of  bottom 
mine-like  objects  when  applied  to  side-scan  sonar  images 
taken  in  the  littoral  environment.  Real-time  operation  of  the 
CAD/CAC  fusion  algorithms  from  Raytheon,  Lockheed 
Martin,  and  NSWC  Coastal  Systems  Station  (CSS)  on  board 
an  unmanned  underwater  vehicle  has  recently  been  success¬ 
fully  demonstrated  as  part  of  a  littoral  test  sponsored  by  the 
Office  of  Naval  Research  (ONR)  in  2002.  Test  results 
proved  that  the  fusion  reliably  classified  bottom  mine-like 
objects  while  significantly  reducing  the  false  alarm  rate  rela¬ 
tive  to  that  of  a  single  CAD/CAC  algorithm.  This  paper 
discusses  the  hardware  and  software  architecture  for  the 
real-time  implementation  of  the  CAD/CAC  algorithms,  and 
presents  the  real-time  performance  results  obtained  during 
the  experiment.  Additional  post  processing  performance 
results  are  also  discussed  for  alternate  fusion  approaches, 
and  the  overall  performance  benefit  through  a  significant 
reduction  of  false  alarms  at  high  correct  classification  prob¬ 
abilities  is  quantified. 


I.  Cad/cac  fusion  overview 

Over  the  past  several  years,  CAD/CAC  processing  al¬ 
gorithms  from  Raytheon  [1-3],  Coastal  Systems  Station 
(CSS)  [9,10],  and  Lockheed  Martin  (LM)  [11]  have  been 
adapted  to  the  littoral  environment  by  processing  side- 
scan  sonar  images  recorded  by  the  REMUS  autonomous 
underwater  vehicle  (AUV)  to  demonstrate  reliable  classi¬ 
fication  of  bottom  mines.  The  combination  of  the  outputs 
from  the  multiple  CAD/CAC  algorithms,  termed  Algo¬ 
rithm  Fusion,  has  been  applied  in  non-real  time  by  post¬ 
processing  the  recorded  sonar  images,  and  the  results 
shown  to  be  beneficial  in  reducing  the  overall  false  alarm 
rate  [2-4,5-12].  The  CAD/CAC  Fusion  processing  archi¬ 
tecture  was  recently  modified  to  operate  in  real-time  on¬ 
board  the  REMUS  vehicle,  and  the  real-time  operation 
was  demonstrated  during  a  sea  test  sponsored  by  ONR  in 
2002. 


CONTACT  DATA: 

• ID # 

•  Confidence  Factor 

•  (x,y)  Position 


Fig.  1 .  CAD/CAC  processing  flow 


The  CAD/CAC  processing  algorithms  are  functionally  il¬ 
lustrated  in  Figure  1 .  Each  algorithm  generates  output  contact 
data  consisting  of  the  contact’s  planar  image  coordinates  and 
an  associated  confidence  factor.  The  normalized  confidence 
factor  is  a  measure  of  the  mine-likeness  of  the  classified  con¬ 
tacts,  such  that  valid  detections  tend  to  have  high  confidence 
factors  (approaching  1 .0),  while  false  alarms  tend  to  have  low 
confidence  factors  (approaching  0.5).  The  Raytheon 
CAD/CAC  processing  consists  of  four  primary  functions: 

•  Image  Segmentation ,  in  which  a  subset  of  the  digitized 
sidescan  sonar  image  is  filtered  to  reduce  speckle  and 
then  split  into  non-overlapping  segments  (“subframes”), 
each  of  which  is  adaptively  thresholded  (via  histograms) 
to  identify  Highlight,  Shadow,  and  Background  (H/S/B) 
pixel  types; 

•  Feature  Extraction,  in  which  the  H/S  pixels  of  each 
image  segment  are  geometrically  associated  to  form  con¬ 
tiguous  H/S  regions  of  interest,  each  of  which  are  proc¬ 
essed  to  extract  key  Signal-to-Noise  Ratio  (SNR)  and 
shape  features; 

•  Multi-Stage  Classification  of  each  region  as  mine-like 
or  non-mine-like  through  the  association  of  the  individ- 
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ual  H/S  regions,  a  weighted  scoring  of  the  associated 
features,  thresholding  of  the  weighted  scores,  and 
geometric  clustering  of  the  regions  that  pass  the 
threshold;  and 

•  Target  Confidence  &  Position  Estimation ,  in  which 
a  normalized  target  confidence  level  and  relative  lo¬ 
cation  within  the  image  are  generated  for  each  classi¬ 
fied  contact,  and  output  to  the  subsequent  data  fusion 
processor. 

The  CSS  CAD/CAC  processing  in  Fig.  1  consists  of  the 

following  functions: 

•  Image  Normalization,  in  which  the  sonar  image  is 
normalized  by  the  background  levels  using  a  dual¬ 
pass  algorithm,  to  accentuate  target  echo  and  shadow 
features  and  remove  variations  in  intensity  level  as¬ 
sociated  with  different  bottom  environments; 

•  Matched  Filter  Detection  of  potential  targets  of  in¬ 
terest  using  a  non-linear  filter,  matched  to  the  salient 
characteristics  of  mine-like  objects  (MLOs); 

•  Feature  Extraction,  in  which  a  set  of  candidate  tar¬ 
get  features  is  extracted  from  the  detected  locations 
of  the  image; 

•  Fuzzy  Classification  of  each  detected  target  to  gen¬ 
erate  a  measure  of  its  mine-likeness  through  process¬ 
ing  of  the  candidate  target  features  with  both  a  K- 
Nearest  Neighbor  Attractor-based  Neural  Network 
Classifier  (KNNC)  and  an  Optimal  Discrimination 
Filter  Classifier  (ODFC),  followed  by  a  fuzzy-logic 
and-ing  of  the  two  classifier  outputs  [7,8];  and 

•  Target  Confidence  Mapping  &  Thresholding,  in 
which  each  detected  target  is  tagged  as  mine-like  or 
non-mine-like  by  mapping  its  mine -likeness  measure 
to  a  normalized  target  confidence  level  and 
thresholding  the  result. 

The  Lockheed  Martin  CAD/CAC  processing  of  Fig.  1 

consists  of  the  following  functions: 

•  Image  Normalization,  in  which  the  sonar  image  is 
normalized  by  the  background  levels  using  the  same 
dual-pass  algorithm  as  used  in  the  CSS  classifier; 

•  Adaptive  Clutter  Filter  Detection  of  potential  targets 
of  interest  using  an  adaptive  clutter  filter  tuned  over  a 
training  set  of  data  to  maximize  the  output  response 
to  the  average  target  signature  while  minimizing  the 
response  to  non-target  signatures; 

•  Feature  Extraction  &  Ortho gonalization,  in  which  a 
set  of  candidate  target  features  is  extracted  from  the 


detected  locations  of  the  image  and  the  features  are  pro¬ 
jected  onto  orthogonal  space; 

•  Fog-Fikelihood  Ratio  Test  (LLRT)  Classification  of 
each  detected  target  to  generate  a  measure  of  its  mine- 
likeness  through  processing  of  the  candidate  target  fea¬ 
tures  with  a  Bayesian  classifier  that  employs  stored  his¬ 
tograms  of  target  and  non-target  distributions  from  pre¬ 
vious  training  to  perform  a  log-likelihood  ratio 
discrimination  test;  and 

The  Algorithm  Fusion  receives  the  output  contact  data 
from  each  CAD/CAC  algorithm  and  produces  fused  classifi¬ 
cation  reports  of  the  MLOs.  The  fusion  processing  consists  of 
two  principal  functions: 

•  Geometric  Clustering  of  the  classified  contacts  from  the 
multiple  classifier  outputs,  which  groups  nearby,  indi¬ 
vidually  classified  contacts  together  when  the  distance 
between  them  is  less  than  a  prescribed  threshold;  and 

•  Cluster  Thresholding,  in  which  the  target  confidence 
levels  associated  with  clustered  contacts  are  processed 
and  then  compared  to  a  threshold  for  final  classification. 
Several  techniques  have  been  considered  in  previous 
demonstration  studies  [13];  the  subset  employed  in  this 
study  consists  of: 

□  Cluster  Confidence  Factor  Sum  &  Threshold :  the 
algorithm  employed  in  the  real-time  fusion  process¬ 
ing,  in  which  the  average  of  the  confidence  levels 
from  the  three  algorithms  must  exceed  a  threshold 
level,  and 

□  M-of-N:  a  simple  algorithm  utilized  in  the  post 
analysis,  which  requires  at  least  M=2  of  the  N=3 
classifiers  to  classify  a  clustered  contact. 

II.  Cad/cac  fusion  processing  architecture 

The  real-time  CAD/CAC  processing  flow  implemented  on 
board  the  REMUS  AUV  is  depicted  in  Figure  2.  As  the  ve¬ 
hicle  maps  the  survey  area  with  its  side-scan  sonars,  the  vehi¬ 
cle  computer  continuously  formats  the  sonar  output  into  im¬ 
age  files.  As  the  files  are  generated,  they  are  saved  to  disk 
for  later  downloading  upon  retrieval  of  the  vehicle,  to  support 
operator  post-processing. 

After  generating  each  image  file,  the  vehicle  computer 
sends  a  message  to  an  FTP  Client  process  executing  on  the 
embedded  CAD/CAC  hardware,  indicating  that  the  image  is 
ready  for  processing.  Upon  receipt  of  this  message,  the  FTP 
Client  process  executes  a  script  that  writes  the  image  file  to  a 
RAM  disk  and  sends  a  “ready”  message  to  the  real-time 
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transmitted  from  the  AUV  to  an  instrumented  buoy,  which 
then  relays  the  data  via  an  RF  transmission  to  a  command 
operator  on  board  a  remote  high-speed  vehicle  (HSV).  When 
these  requests  are  received,  the  Queue  Handler  sends  out  the 
highest  priority  contact  within  the  appropriate  queue.  If  the 
queue  is  empty  when  a  request  for  data  comes  in,  the  request 
is  ignored.  Each  time  either  queue  is  updated  based  on  in¬ 
coming  messages  or  the  removal  of  data  from  a  queue,  the 
contents  of  each  queue  are  written  to  a  file.  The  purpose  of 
this  queue  file  is  to  maintain  the  contents  of  the  queues  for 
re-initialization  in  the  event  that  the  data  in  the  queues  is  lost 
due  to  power  failure. 


III.  Description  of  cad/cac  fusion  experiment 


Fig.  2.  Real-Time  CAD/CAC  Fusion  Processing  Architecture 

CAD/CAD  Fusion  processor,  commanding  it  to  process 
the  newly  stored  image  file.  The  CAD/CAC  Fusion  proc¬ 
ess  then  retrieves  the  side-scan  image  from  the  RAM  disk 
and  executes  each  of  the  CAD/CAC  algorithms  to  operate 
on  the  image  (port  side  first,  followed  by  starboard  side). 
The  results  from  each  of  the  CAD/CAC  algorithms  are 
then  filtered  to  exclude  designated  intervals,  such  as  those 
in  which  the  vehicle  is  in  an  excessive  turn. 

The  filtered  contacts  from  each  of  the  three  algorithms 
are  geometrically  clustered  as  described  above,  and  their 
individual  confidence  factors  are  summed.  The 
CAD/CAC  processor  also  extracts  a  “snippet”  of  the  im¬ 
age  from  a  local  region  about  each  of  the  most  mine-like 
contact  clusters  whose  summed  confidence  factor  exceeds 
a  prescribed  threshold.  The  image  snippet  and  the  contact 
data  for  each  of  these  clusters  are  then  sent  to  a  Compres¬ 
sion  Engine  processor.  Contact  data  for  clusters  that  don’t 
pass  the  summed  confidence  factor  threshold  is  sent  to  the 
compression  processor  without  an  image  snippet. 

The  Compression  Engine  employs  a  wavelet-based  al¬ 
gorithm  [14]  to  compress  each  image  snippet,  and  formu¬ 
lates  output  contact  messages  in  either  of  two  types  for 
output  to  a  Queue  Handler:  a  “contact”  message  that  con¬ 
tains  only  contact  data  without  snippet  information  and  a 
“snippet”  message  that  contains  contact  data  with  ap¬ 
pended  snippet  information.  The  Queue  Handler  forms  a 
prioritized  output  queue  for  each  of  these  message  types. 
The  contact  message  queue  is  constructed  to  hold  up  to 
200  contact-only  messages,  while  the  snippet  message 
queue  holds  up  to  20  snippet-image  contact  messages. 
The  priority  of  the  messages  within  each  queue  is  based 
on  an  average  of  the  CAD/CAC  confidence  factors  for 
each  contact  cluster. 

After  either  queue  reaches  its  capacity,  the  lowest  prior¬ 
ity  contact  message  within  that  queue  is  discarded  and 
replaced  by  any  subsequent  higher  priority  incoming 
message  having  a  higher  average  confidence  factor.  Peri¬ 
odic  requests  are  received  for  data  to  be  acoustically 


Real-time  CAD/CAC  Fusion  sea  test  demonstrations  were 
performed  during  2002  in  a  littoral  coastal  environment.  The 
mine  hunting  operations  were  coordinated  and  conducted 
from  the  U.S.  Navy  platform  HSV  Joint  Venture  utilizing 
two  REMUS  AUVs,  which  operated  within  simulated  mine¬ 
fields  populated  with  inert  MLOs.  The  AUVs  were  remotely 
operated  by  a  team  of  operators  from  the  Woods  Hole 
Oceanographic  Institute  (WHOI)  on  board  the  HSV  in  con¬ 
junction  with  several  navy  divers.  Each  of  the  AUVs  was 
outfitted  with  a  different  suite  of  sensors  to  accomplish  a 
specific  set  of  tasks  in  support  of  the  mission  objectives. 

Two  small  boats  were  initially  deployed  to  release  two  in¬ 
strumented  buoys  at  boundaries  along  the  search  area.  Each 
buoy  consists  of  an  acoustic  transducer  on  the  in-water  side 
and  an  RF  transceiver  on  the  in-air  side.  The  primary  func¬ 
tion  of  these  buoys  is  to  provide  a  communications  link  be¬ 
tween  the  operators  aboard  the  HSV  joint  venture  and  the 
two  REMUS  vehicles  during  mine  hunting  operations.  The 
secondary  functions  of  the  buoys  are  to  provide  the  REMUS 
vehicles  with  a  boundary  of  the  survey  area  and  the  capabil¬ 
ity  to  localize  themselves  in  a  fixed  coordinate  system.  Such 
a  localization  capability  allows  the  REMUS  vehicle  to  tag 
any  MLOs  with  a  fixed  coordinate  and  also  to  reacquire  a 
previously  detected  contact  based  on  provided  coordinates. 

REMUS  #1  was  outfitted  with  port  and  starboard  MSTL 
high  frequency  side  scan  sonar  arrays  to  search  the  survey 
area  and  conduct  real-time  CAD/CAC  operations,  detecting 
mine-like  objects  located  on  the  ocean  floor  in  accordance 
with  the  operating  concept  illustrated  in  Figure  3. 

The  real-time  CAD/CAC  Fusion  processing  is  programmed 
in  an  embedded  300  MHz  Pentium  processor  installed  in  the 
AUV.  After  initial  deployment,  REMUS  #1  obtained  an  ini¬ 
tial  coordinate  fix  by  utilizing  the  previously  deployed  acous¬ 
tic  buoys  and  then  began  a  search  pattern  consisting  of  pre¬ 
programmed  tracks.  While  conducting 
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•  Three  CAD/CAC  Algs 
■  Image  Compression 


Fig.  3.  Real-Time  CAD/CAC  Fusion  Operating  Concept. 


these  operations,  this  REMUS  acquired  port  and  star¬ 
board  side-scan  images,  navigation  data,  fathometer  re¬ 
cords,  and  vehicle  health  and  status.  Each  side-scan  im¬ 
age  was  processed  as  discussed  in  Section  II  to  generate 
the  MLO  contacts  in  real-time  for  report  back  to  the 
command  ship  as  the  AUV  continues  its  search. 

REMUS  #2  was  outfitted  with  a  Dual  Frequency  Iden¬ 
tification  Sonar  (DIDSON)  acoustic  lens  operating  at  very 
high  frequencies  [15,16]  to  further  interrogate  MLOs  pre¬ 
viously  classified  by  the  real-time  CAD/CAC  on  board 
REMUS  #1,  and  to  provide  images  at  significantly  higher 
resolution  for  mine  identification.  Upon  arrival  at  the 
survey  area,  REMUS  #2  went  into  a  holding  pattern  exte¬ 
rior  to  the  track  of  the  REMUS  #1  mapping  vehicle.  As 
operators  on  board  the  HSV  Joint  venture  received  trans¬ 
missions  from  the  REMUS  #1  consisting  of  information 
pertaining  to  MLOs,  they  designated  MLOs  for  REMUS 
#2  to  reacquire  and  identify  as  mines  or  non-mines. 


IV.  RESULTS 

The  real-time  CAD/CAC  Fusion  was  demonstrated  at 
an  ONR-sponsored  littoral  exercise  during  2002.  The 
mission  spanned  a  total  of  72  sidescan  sonar  images  (port 
and  starboard),  in  which  there  were  4  target  opportunities. 
The  REMUS  #1  vehicle  performing  the  search  was  com¬ 
manded  to  transmit  the  top  three  clustered  contacts  from 
the  contact  queue  at  the  end  of  each  image  collec¬ 
tion/processing  cycle,  resulting  in  a  total  of  216  clustered 
contacts  collected  at  the  command  ship  during  the  area 
search.  The  top  4  highest  priority  contacts  (highest  aver¬ 
age  confidence  factor)  in  this  set  of  clustered  contacts  that 
were  transmitted  in  real-time  to  the  ship  were  the  4  valid 
MLO  test  targets.  The  geographic  locations  of  these  tar¬ 
gets  within  the  search  area  are  illustrated  by  the  red  stars 
in  Figure  4,  which  shows  the  plotted  locations  of  the  top 
216  contact  clusters,  color-coded  by  cluster  type. 
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Fig.  4.  Real-Time  CAD/CAC  Fusion  Test  Results. 

The  left  side  of  the  figure  plots  only  those  clustered  con¬ 
tacts  classified  by  a  single  CAD/CAC  algorithm;  the  middle 
plot  shows  those  contacts  classified  by  2  of  the  3  CAD/CAC 
algorithms;  and  the  right  side  shows  the  contacts  classified  by 
all  3  CAD/CAC  algorithms.  Post  analysis  of  the  recorded 
data  resulted  in  the  summary  data  of  Table  1.  The  Raytheon, 
CSS,  and  Lockheed  Martin  CAD/CAC  algorithms  individu¬ 
ally  classified  788,  399,  and  806  output  contacts  as  MLOs 
over  the  entire  mission,  respectively.  Each  algorithm  cor¬ 
rectly  classified  all  4  targets.  The  individual  algorithm  classi¬ 
fication  outputs  were  clustered  into  a  total  of  1710  contacts, 
which  includes  the  “singleton”  contacts  called  by  only  one 
CAD/CAC  algorithm.  Since  4  of  these  were  the  targets,  a 
total  of  1706  false  alarms  were  classified.  An  M-of-N  fusion 
rule  that  requires  at  least  2  of  3  algorithms  to  call  a  contact 
reduces  the  total  number  of  false  alarms  to  203,  while  still 
correctly  classifying  all  4  targets.  This  represents  about  a  2:1 
reduction  in  false  alarm  rate  relative  to  the  best  performing 
single  CAD/CAC  algorithm.  As  indicated  by  Figure  4,  a  3- 
of-3  fusion  rule  maintains  all  4  correct  target  classifications 
while  further  reducing  the  total  false  alarms  to  8,  a  50:1  re¬ 
duction  in  false  alarm  rate  relative  to  the  best  performing 
single  algorithm. 


Table  1.  Summary  CAD/CAC  Fusion  Test  Results  from  Post  Analysis. 


CAD/CAC  Fusion  Algorithm 

Total # 
Contacts 

# 

Targets 

#  False 
Alarms 

FA 

Reduction 

Standalone  CSS  CAD/CAC 

399 

4 

395 

n/a 

Standalone  Raytheon  CAD/CAC 

788 

4 

784 

n/a 

Standalone  LM  CAD/CAC 

806 

4 

802 

n/a 

2-of-3  Fusion 

203 

4 

199 

2:1 

3-of-3  Fusion 

12 

4 

8 

50:1 
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Circles  =  Raytheon  CAD/CAC,  Triangles  =  CSS  CAD/CAC,  Squares  =  LM  CAD/CAC 


All  9  False  Alarms  Eliminated  by  Fusion  While  Retaining  Target 

Fig.  5.  Example  Sonar  Image  Showing  Correct  Classification  of  Mine¬ 
like  Target. 

Figure  5  shows  an  example  sidescan  sonar  image  from 
the  test  containing  a  valid  target  that  all  3  CAD/CAC  al¬ 
gorithms  correctly  classified,  along  with  a  combined  total 
of  9  false  alarms  from  the  individual  CAD/CAC  algo¬ 
rithms.  Note  that  all  false  alarms  are  singletons,  which 
can  be  eliminated  by  the  fusion  processing  through  the 
use  of  a  2-of-3  fusion  rule  or  a  thresholding  of  the  aver¬ 
age  confidence  factor  using  a  threshold  level  of  1/3.  Fig¬ 
ure  6  shows  a  second  example  test  image  containing  12 
singleton  false  alarms,  all  of  which  are  also  readily  elimi¬ 
nated  through  the  fusion. 

V.  Discussion 

The  principal  criteria  for  CAD/CAC  performance  are 
(1)  maintaining  a  high  probability  of  target  detection  and 
classification,  and  (2)  minimizing  the  time  duration  be¬ 
tween  the  time  when  sonar  data  is  available  for  analysis 
and  the  time  when  information  is  compiled  on  potentially 
viable  targets.  The  second  criterion  is  related  to  the  well- 
know  criterion:  minimizing  the  number  of  false  target 
detections;  i.e.,  the  more  false  target  detections  there  are, 
the  more  time  it  takes  to  do  the  analysis.  However,  if  fast 
analysis  software  tools  are  available  to  allow  an  operator 
to  quickly  eliminate  false  detections  made  by  CAD/CAC, 
then  the  number  of  false  alarms  can  be  somewhat  high 
and  not  dramatically  impact  overall  analysis  time.  In  this 
section  we  would  like  to  expound  on  two  different  ways 
to  use  real-time  CAD/CAC  to  help  reduce  analysis  time 
while  maintaining  a  high  probability  of  detection  and 
classification. 

First,  real-time  CAD/CAC  results  can  be  stored  on¬ 
board  the  UUV  and  processed  post  mission.  The  moment 
the  mission  ends,  CAD/CAC  is  complete  and  the  operator 
can  immediately  review  the  CAD/CAC  contacts.  The 
obvious  benefit  of  this  use  of  real-time  CAD/CAC  is  that 
the  delays  associated  with  performing  the  CAD/CAC 


processing  post-mission  are  avoided.  Moreover,  since  the 
operator  need  only  review  image  snippets  of  potential  targets 
vice  the  full  imagery,  a  laborious  and  time-consuming  proc¬ 
ess  is  eliminated.  The  process  is  further  speeded  by  restrict¬ 
ing  operator  review  to  only  the  image  snippets  of  the  detec¬ 
tions  with  the  top  N  fused  scores,  the  review  process  is  fur¬ 
ther  speeded.  N  is  typically  selected  to  be  proportional  to  the 
area  covered.  Note  that  the  top-N  scheme  is  loosely  related 
to  selecting  a  constant  false  alarm  rate  (CFAR)  threshold,  a 
strategy  that  is  commonly  used  in  Automatic  Target  Recogni¬ 
tion.  If  the  snippet  review  software  tool  is  well  designed,  N 
can  be  quite  large  without  impacting  analysis  time.  (As  an 
aside,  with  the  future  improvement  and  evolution  of 
CAD/CAC,  one  will  be  able  to  select  smaller  values  of  N.) 

Second,  when  real-time  underwater  communication  is 
available,  real-time  CAD/CAC  permits  decision  making  to 
start  with  the  first  viable  contact.  One  need  not  wait  until  the 
mission  is  completed.  To  maintain  a  low  number  of  false 
alarms,  real-time  CAD/CAC  thresholds  can  be  increased  at 
the  cost  of  a  slight  reduction  in  probability  of  correct  classifi¬ 
cation.  The  slight  reduction  in  target  classification  rate  is 
often  offset  by  having  the  capability  to  know  in  real  time  that 
some  targets  are  present;  having  such  advanced  knowledge 
can  be  advantageous.  More  complete  analysis  of  all 
CAD/CAC  contacts  (using  a  lower  threshold)  can  always  be 
done  post  mission. 

VI.  Summary 


The  fusion  of  multiple  CAD/CAC  algorithms  to  reliably 
classify  bottom  mine-like  objects  in  the  littoral  environment 
has  been  adapted  to  operate  in  real-time  through  the  imple¬ 
mentation  of  an  effective  hardware  and  software  processing 
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Circles  =  Raytheon  CAD/CAC,  Triangles  =  CSS  CAD/CAC,  Squares  =  LM  CAD/CAC 

All  12  False  Alarms  Eliminated  by  Fusion 

Fig.  6.  Example  Sonar  Image  Illustrating  Elimination  of  all  False  Alarms 
Through  Fusion. 
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architecture  in  the  REMUS  unmanned  underwater  vehi¬ 
cle.  Sea  testing  conducted  in  July  2002  demonsUates  that 
the  system  successfully  employs  the  multiple  CAD/CAC 
algorithms  to  correctly  classify  test  mine-like  targets 
while  providing  a  significant  reduction  (up  to  50:1)  in 
false  alarm  rate  relative  to  any  single  CAD/CAC  algo¬ 
rithm.  This  system  feature  provides  a  valuable,  timesav¬ 
ing  automation  aid  to  an  operator  who  remotely  receives 
the  real-time  classification  outputs  from  the  vehicle  via 
acoustic/RF  transmissions  to/from  a  sonobuoy  relay. 

This  real-time  technology  can  be  used  to  detect  and 
classify  objects  in  the  cluttered  littoral  environment.  Po¬ 
tential  underwater  applications  include  environmental 
monitoring,  homeland  security  (waterway  monitoring), 
underwater  crime  scene  investigations,  unexploded  ordi¬ 
nance  (UXO)  detection,  and  archeological  surveys. 
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